ABSTRACT Reduced-reference (RR) image quality assessment (IQA), which aims to use a small amount of the reference information but achieve high accuracy, is greatly demanded in quality-orientated systems. In order to design a better RR IQA model which performs consistently with the subjective perception, the inner mechanism of the human visual system (HVS) is usually investigated and imitated. In this paper, the attention mechanism is thoroughly analyzed and used for RR IQA modeling. Generally, the HVS is more sensitive to the distortion on the attended region than that on the unattended region. Thus, the saliency of each region is calculated to highlight its importance, and a saliency weighted local structure (SWLS)-based histogram is created for visual structure degradation measurement. Meanwhile, the distortion may cause attention shift (changing the attended region). In other words, the difference of attention between the reference and distorted images can efficiently represent the quality degradation. Therefore, the attention distribution is analyzed with the salient map, and an orientation located global saliency (OLGS)-based histogram is built for attention shift measurement. Finally, combining the quality degradations from both SWLS and OLGS, a novel attended visual content degradation-based RR IQA method is introduced. 1 Experimental results demonstrate that the proposed method uses only several values (18 values) and performs consistently with the subjective perception. Moreover, the proposed attention procedure can be easily extended to the existing RR IQA models and improve their performances.
I. INTRODUCTION
With a tremendous growth of visual signal, images/videos take up 70% Internet traffic. Due to the near-ubiquitous presence of images/videos, a reliable and efficient objective image quality assessment (IQA) method is greatly demanded for many quality-oriented image acquisition/processing systems [1] , [2] .
During the past decades, a large amount of IQA methods have been proposed. According to the volume of the reference image required during the quality prediction, existing IQA methods are usually classified into three categories: 1) FullReference (FR) IQA [3] , where the whole reference image is required; 2) Reduced-Reference (RR) IQA [4] , where only a small part (several values) of the reference information is available; and 3) No-Reference (NR) IQA [5] , for which nothing about the reference image is available. With the guidance of the reference image, local features are always extracted and compared with a point-to-point way between the reference and distorted images. As a result, the FR IQA models perform consistently with subjective perception [6] . However, the reference image is not always available in many applications, and a NR IQA model is required for such condition [7] . Without any guideline from the reference image, it is extremely difficult to design a reliable and efficient NR IQA model. As a compromise between the two categories, the RR IQA technique requires only a small amount of the reference information and achieves a high performance [8] .
In this work, we focus on RR IQA modeling.
Reliable RR IQA models aim to use as less reference data as possible, and achieve a higher prediction accuracy [9] . To this end, global features, which can efficiently represent the visual content of an image with limited values, are usually designed for quality prediction [8] . Statistical researches on images indicate that the contents of nature scenes follow a certain type of statistical distribution (e.g., generalized Gaussian distribution) [10] , which is called as natural scene statistic (NSS) feature. Distortions on the natural scene will change its NSS characteristic to some extent, which makes the natural image unnatural [11] . According to this assumption, the distribution of the wavelet coefficients was analyzed for NSS feature extraction during quality prediction in [12] (i.e., the Wavelet-domain Natural Image Statistic Metric, WNISM). Moreover, the NSS features were analyzed on the divisive normalization based wavelet coefficients [13] , the discrete cosine transform (DCT) coefficients [14] , the curvelets and the contourlets coefficients [15] for RR IQA, respectively. Besides, according to the visual cognition theory, the degradation on visual information was measured for RR IQA, e.g., the visual information fidelity (VIF) [16] , the orientation selectivity based visual pattern degradation (OSVP) [17] , the scaled entropy degradation (RRED) [18] , the entropy of weighted wavelet coefficients (RED-LOG) [19] , and so on. Though these existing methods have greatly improved the performance of the RR IQA, there is still a remarkable gap between RR IQA models and the subjective perception.
Most of the existing RR IQA algorithms equally measure the degradations from the whole image. However, the human visual system (HVS) presents obvious attention mechanism, with which the HVS focuses only on these important regions for detailed perception and withdraws the other regions [20] , [21] . In other words, attended regions play more important roles than the other unattended regions for visual perception, and degradations on attended regions have a larger influence on the quality assessment. In recent years, the attention mechanism has already been taken into account for FR IQA, in which the salient map (saliency is a strong predictor for attention/gaze allocation) is created to highlight these attended regions during quality assessment [22] . However, the size of the salient map (always with a same size as the reference image) is too large for RR IQA. How to highlight the attended regions with several values for the RR IQA is still an open problem. Moreover, distortions always change the attended regions (between the reference and distorted images) [23] , how to measure the effect of distortion on attention shift is another challenge.
In this work, we introduce an attended visual content degradation (AVCD) based RR IQA method. Firstly, the effects of distortions on attended regions are thoroughly investigated and analyzed. Next, the quality degradation on the local structure is measured. By extracting the local structure with the visual orientation pattern [17] and highlighting with its salient value, a saliency weighted local structure (SWLS) based histogram is created for visual content degradation measurement. Meanwhile, the degradation on the attention shift is estimated. According to the distribution of attended regions, the histogram of gradient (HOG) [24] is calculated on the salient map, and an orientation located global saliency (OLGS) based histogram is built for the attention shift measurement. Finally, considering degradations from both SWLS and OLGS between the reference and distorted images, the novel AVCD based RR IQA model is proposed.
II. ATTENDED VISUAL CONTENT DEGRADATION
It is well known that our human eyes cannot attend to all things at once, and we focus our attention on selections of the input scene. So that the brain can successfully and effectively perceive these regions of interest (ROI) [25] . In general, the ROI in an image refers to the object regions with high informative contents, which can not only reduce the further processing complexity but also increase the processing accuracy [26] . Thus, ROI detection (visual attention estimation) has attracted tons of research attention and has been successfully used in many visual recognition tasks [27] .
Attended regions (ROIs) play more important roles than the other regions during image perception, and thus, the distortion on attended regions will cause more serious quality degradation than that on unattended regions. In order to give an intuitive interpretation, an example of distortions on different image regions are shown in Fig. 1 (three images are distorted by the JPEG transmission error (JTE)). Though the noise levels in these images are almost the same (the Peak Signal to Noise Ratio (PSNR) for Fig. 1 (a) -(c) are 27.3dB, 27.2dB, and 27.2dB, respectively), the quality degradation degrees for them are obviously different. As can be seen, Fig. 1 (a) (with mean opinion score MOS = 6.00) has a better quality than the other two images ( Fig. 1 (b) and (c) with MOS = 3.80 and MOS = 2.84, respectively). With further analysis, we have found that the JPEG transmission error in Fig. 1 (a) mainly occurred at the background reef area (located at the bottom of the image), and little at the foreground objection regions (e.g., the lighthouse). In other words, the distortion is mainly located at unattended regions, while little at attended regions. As a result, the quality degradation in Fig. 1 (a) is limited. For Fig. 1 (b) , the distortion is mainly located at the contour of the left parrot, especially on its body (rather than the head). Since the attended objects are partly distorted, the quality of Fig. 1 (b) is obviously degraded. When on Fig. 1 (c) , most of the distortion is located at these highly attended regions (e.g., the contours of the hats), and its quality is seriously degraded. Since distortions on attended regions cause more serious quality degradation than that on unattended regions, the attended objective regions should be highlighted during quality assessment.
Moreover, distortions may change the attended regions between the reference and distorted images. As shown in Fig. 2 , the original girl face image ( Fig. 2 (a) ) is distorted by JPEG 2000 noise (J2K) (Fig. 2 (b) ) and JPEG transmission error noise (JTE) (Fig. 2 (c) ). Obviously, the two eyes and the mouth regions will attract our attention when looking at the original image ( Fig. 2 (a) ). However, distortion may degrade the attended objects and make them unattended. As shown in Fig. 2 (b) , the J2K has smoothed out the structures of the right eye and the mouth, and the two regions will no more attract our attention in the distorted image. Meanwhile, the background region with severe distortion may attract our attention. As shown in Fig. 2 (c) , the distortion on the jaw generates a fake edge, which will attract our attention. Therefore, the shift of attended regions can reflect the characteristic of the distortion.
Considering the effect of distortion on visual attention during image perception, both the local weighing and the global shifting of attention should be considered for visual content degradation measurement during RR IQA.
III. DEGRADATION MEASUREMENT
In this section, the SWLS is firstly extracted for local visual content degradation measurement. Next, the OLGS is estimated for global attention shifting calculation. Finally, considering the degradations on both SWLS and OLGS, a novel AVCD based RR IQA model is built.
A. SWLS BASED LOCAL CONTENT EXTRACTION
The attended places normally refer to the informative object regions, and such regions play more important roles during image perception and understanding. Thus, distortions in the attended regions are more sensitive to the HVS, and the attended contents should be highlighted during quality assessment. To this end, we try to weight the local content with its saliency for visual content extraction in this subsection.
It is well known that the HVS is highly adaptive to extract the local structure for image/video perception. And thus, the local structure is firstly analyzed for visual content extraction. Researches on visual cognition further state that the HVS is extremely adapted to summarize the organizing rules, especially by extracting these repeated local structures [28] . As an efficient representation of the repeated local structures of images, the pattern is usually adopted for visual content representation [29] . Moreover, the HVS presents substantially orientation selectivity (OS) mechanism for pattern extraction [30] . According to the similarity of the preferred orientations that neighbor neurons reacted, the local receptive field presents obvious OS [31] .
With the inspiration from the OS mechanism (the interactions among neurons in a local receptive field), the relationships between neighbor pixels are analyzed with their preferred orientations, and an OS based visual pattern is introduced with the arrangement of the relationships [17] . Firstly, the preferred orientation of each pixel is calculated as its gradient direction G d ,
where M v is the gradient magnitude along the vertical direction, and M h is that along the horizontal direction. Next, the relationship between a central pixel x and its neighbor pixel x i is analyzed as the similarity of their preferred orientations. There are two opponent responses between neurons in a local receptive, i.e., excitatory and inhibitory interactions. By mimicking this, the relationship R(x|x i ) is represented with a binary form,
where '1' means the two pixels present excitatory interaction, and '0' means inhibitory interaction. T is the judging threshold. According to the subjective visual masking experiment [8] , the threshold T is set as 6 • in this work (there exists strong masking effect if the angle difference of two orientation gratings is smaller than 12 • ). Finally, the OS based visual pattern (OSVP, P) that a local region (L) possesses is represented by the arrangement of the relationship between the central pixel x∈L(x) and its neighbors x i ∈L(x),
where n is the size of the neighborhood (i.e., the number of the neighbor pixels). Considering the computational complexity, n is set as 8 in this work (same as that in [17] ).
With Eq. (3), the pattern form P(x) for each pixel is built. In order to reduce the number of OSVPs, these similar ones should be combined. Since patterns with the same number of highly related elements (i.e., the number of '1') are more likely to represent similar information, these OSVPs are combined and represented by a same pattern form (only 9 pattern forms are reserved) [17] .
Besides the pattern form, the HVS is also highly sensitive to the luminance changes (LC). In this work, the LC of each pixel is calculated as the corresponding magnitude of gradient,
The visual content of a pixel x can be represented as the joint of OSVP and LC, i.e., {P(x), M(x)}. Thus, by summarizing the LC of each pixel according to its OSVP, the visual content of an image can be mapped into an OSVP based histogram (H OSVP ).
where M is the total pixel number in the image, and P k represents the k-th OSVP.
Since the attended regions play a more important role than other regions (as illustrated in the former section), we try to highlight these attended regions and suppress the other regions with a salient map for visual content extraction. To this end, the salient value of each pixel is required. In the past decades, a large amount of saliency estimation models have been proposed. As a simple but powerful saliency estimator, the classical graph-based saliency model [32] is employed,
where S(x) is the salient value for pixel x, A i (x) is the unusual/surprise of x at the i − th feature channel, and n is the channel number (more information about saliency detection can be found in [32] ). By weighting the local structure with it salient value, the visual content of an image is mapped into a SWLS based histogram (H SWLS ),
An intuitive example on the visual content extraction is shown in Fig. 3 , where Fig. 3 (a)-(d) are the original image, the salient map, H OSVP from (5), and H SWLS from (8), respectively.
B. OLGS BASED GLOBAL ATTENTION ESTIMATION
Distortions may directly change the salient regions between the reference and distorted images (as illustrated in the former section). And thus, the saliency itself is an efficient feature to represent the quality degradation. An example of attention shift is shown in Fig 4. Due to the effect from distortions (i.e., J2K in Fig 4 (b) and JTE in Fig 4 (c) ), the attention regions are obviously shifted (comparing the salient maps Fig 4 (d)-(f) ). However, the size of the salient map (with a same size of the reference image) is too large for RR IQA measurement (RR IQA only uses a small amount of values). How to efficiently represent the saliency information with several values for RR IQA is still an open problem (to the best of our knowledge, there is not existing work about this so far).
In order to efficiently represent the saliency characteristic with several values, the content description for salient map is firstly analyzed. The primary function of the salient map is salient object localization, for which these regions with larger values correspond to salient objects. As an efficient descriptor for the low-level feature, the Histogram of Oriented Gradients (HOG) has been successfully applied for object localization [33] , e.g., human detection [24] , face localization [34] , and so on. Thus, the HOG is adopted to represent the characteristic of the salient map for attention shift measurement.
The HOG is directly analyzed on the salient map of an image I . According to Eq. (7), the saliency of I is calculated, and a salient map S is acquired. Next, the gradient direction (G S (x)) and magnitude (M S (x))of each pixel in S are calculated with Eq. (1) and Eq. (4). Since the gradient direction is with a wide range (can be any value in [−180 • , 180 • )), it is usually equally normalized into N (e.g., 9) discrete directions. And a salient map can be mapped into an OLGS based histogram with N-bin HOG,
where HOG(x m ) is the corresponding bin of the gradient direction for pixel x m , and HOG k is the k-th bin for the resulting histogram. With Eq. (9), a salient map can be represented with N-bin histogram. An intuitive example of OLGS is shown in Fig. 5 , whose corresponding salient maps are shown in Fig. 4 . 
C. QUALITY PREDICTION
The quality is measured as the attended visual content degradation in two aspects: 1) the degradation on the local structure/content and 2) the attention shift. Since the RR-IQA aims to use only several values during quality prediction, the local content of an image is represented by a SWLS based histogram (i.e., H SWLS with Eq. (8)), and the attention localization is represented by an OLGS based histogram (i.e., H OLGS with Eq. (9)). Thus, the quality degradation is measured as the changes on the two histograms. For a given reference image I r and its corresponding distorted image I d , the degradation on the local structure (Q SWLS ) is measured as the distance D between their corresponding SWLS based histograms,
where H r SWLS (H d SWLS ) is the SWLS based histogram of the reference (distorted) image, and N is the bin number of the histogram.
Meanwhile, the attention shift (Q OLGS ) is measured as the changes on the OLGS based histograms between the reference (H r OLGS ) and the distorted (H d OLGS ) images.
where C is the change between two histograms. Considering the degradations from the two aspects, the final quality is predicted as,
where α and β are two weighting parameters, and we set α = β = 1 for simplicity in this work.
IV. EXPERIMENTAL RESULT ANALYSIS
In this section, the efficiency of the proposed model is firstly verified by the eye tracker. Then, a thorough comparison between the proposed model and these existing RR IQA methods is demonstrated. Finally, the attention mechanism is transferred into the existing RR IQA models to further verify its efficiency.
A. EFFICIENCY ANALYSIS
The HVS is extremely sensitive to changes on attended regions. And thus, the distortion on such kind of regions will cause more severely quality degradation than that on unattended regions. In order to thoroughly demonstrate the relation between the attention and the distortion, a subjective viewing experiment with the eye-tracker was designed. The SensoMotoric Instruments (SMI) RED eye tracker was adopted to record the eye movements with a sampling rate of 120 Hz. Meanwhile, a standard office environment was set up for this experiment. All the stimuli were displayed on a LED screen, which with a resolution of 1920 × 1080. The viewing distance between participants and the screen was about 70cm, which was slightly adapted for a stable and accurate result according to the eye-tracking software. Twelve participants (7 males and 5 females, ranging from 20 to 30 years of age) were invited and all of them were inexperienced with image quality assessment. These participants were instructed to look at the stimuli without any task. Each stimulus was represented for 7 seconds, and followed by a gray image with 3 seconds.
After the eye-tracking experiment, the eye-tracking data was analyzed with the SMI BeGaze analysis software, and fixations were extracted and exported. Each individual fixation is drew by a circle in the image to represent the fixation point, thus creating a gaze map. Meanwhile, the fixation duration was ignored during the gaze map construction.
Distortions on attended objects will cause more severe quality degradation than that on background regions. An example is shown in Fig. 6 , for which the first row shows three images (the lighthouse, the lady and the flower) distorted by the JTE noise, and the second row shows their corresponding fixation maps (where red points stand for human fixations from eye-tracking experiment and blue lines are drawn to indicate the main attention regions). As shown in Fig. 6 (a) , the distortion mainly occurs on the reef (the background region). When we look at this image, most of our attentions focus on the lighthouse and the red houses (with little distortion), while limited on the background reef region, as shown in the corresponding fixation map. In other words, the distortion is mainly on the unattended background region. For Fig. 6 (b) , we mainly focus our attention on the face, the jewelry, and her hands. Meanwhile, only the left hand and a small part of the jewelry are distorted. In other words, distortion presents partly on the attended regions for Fig. 6 (b) . While for Fig. 6 (c) , we mainly focus our attention on the flower regions. At the meantime, such regions are contaminated by obvious distortion. In summary, the distortions on the three contaminated images are different (i.e., mainly background, partly foreground, and mainly foreground), which result in different perceptual quality degradations.
The quality values for the three images are listed in Table 1 . Since most of attended regions are free from distortion, Fig.6 (a) has the best subjective quality (with MOS = 5.6191) even under the highest noise level (with PSNR = 23.96). Since parts of the attended regions are distorted in Fig.6 (b) , it presents a worse quality (with MOS = 5.5610) than Fig.6 (a), even though the noise level in Fig.6 (b) (with PSNR = 27.598) is much lower than that in Fig.6 (a) . Fig.6 (c) has the worst quality (with MOS = 2.8636), though its noise level (with PSNR = 24.855) is slightly lower than that in Fig.6 (a) . Therefore, the HVS is extremely sensitive to the distortion on the attended region, which result in much severe quality degradation.
The proposed AVCD method can accurately predict the quality degradation for such kind of image set as shown in Fig.6 . A comparison with several latest RR IQA methods (i.e., RED-LOG [19] , FSI [35] , OSVP [17] , RRED [18] , and WNISM [12] ) are shown in Table 1 . By considering the importance of attention regions for quality prediction, the proposed AVCD based RR IQA returns an accurately quality prediction result which is consistent with the subjective perception (i.e., MOS value). However, the other RR IQA Table 1 , all of these compared RR IQA methods suggest that the lady image (Fig. 6 (b) which has the lowers noise level) should possess the best visual quality among the three.
Moreover, the attended region may be shifted by the severe distortion. An example is given in Fig. 7 , in which the first row shows a same scene is contaminated by three types of distortion (i.e., Compression Lossy, JTE, and Block Wise), and the second row shows their corresponding fixation maps. For Fig. 7 (a) , the compression lossy dose not change much on the visual content, and the fixations uniformly spread on all of these objectives. JTE in Fig. 7 (b) severely destroys the people (e.g., the man in the middle and the two kids in the right side). As a result, the attention is obviously shifted. As shown in Fig. 7 (b) , much attention is attracted on the body region of the man, and less on the two kids. For Fig. 7 (c) , the image is distorted by block-wise distortion. As a result, these blocked regions attract some attention. In summary, by comparing the fixation region among the three contaminated images (with a same scene), attentions are obviously shifted by these distortions.
The performance of these RR IQA methods are tested and compared within Fig. 7 , and the results are listed in Table 2 . Moreover, the quality prediction with only the SWLS part is also listed. As can be seen, without the part about attention shift, the SWLS cannot properly predict the quality of Fig. reffig:exp-ga (b) . Since the proposed AVCD method has considered the attention shift during quality prediction, an accurate quality prediction result is given. Meanwhile, other RR IQA methods always show a different tendency from subjective perceptual results (MOS values). In summary, by taking both local attention weight and global attention shift into account, the proposed AVCD method has greatly improved the prediction accuracy and performs consistently with subjective perception. 
B. PERFORMANCE COMPARISON ON DATABASES
In order to make a comprehensive analysis, the proposed AVCD based RR IQA is verified on three publicly available IQA databases, CSIQ [36] , LIVE [37] and TID2013 [38] . The CSIQ database is made up of 866 distorted images and 30 reference images with 6 distortion types; The LIVE database contains 779 distorted images corresponding to 29 reference images with five distortion types; and the TID2013 database comprises 3000 distorted images of 24 types of distortion with 25 reference images. For a concrete demonstration of performance, six latest and accessible RR IQA methods (i.e., RED-LOG, FSI, OVSP, RRVIF [16] , RRED and WNISM) and three classical FR IQA indices (i.e., PSNR, SSIM, and MS-SSIM [6] ) are introduced for comparison.
For a quantitative performance comparison of RR IQA algorithms, three widely used performance metrics are employed, which are Pearson linear correlation coefficient (PLCC), Spearman rank-order correlation coefficient (SRCC), and root mean squared error (RMSE), to measure the correlation between predicted quality values and ground truth (i.e., the subjective mean opinion score (MOS) or the difference of MOS (DMOS)). PLCC measures the accuracy of prediction, while SRCC evaluates the monotonicity. A better IQA algorithm will result in a higher PLCC and SRCC, and a lower RMSE. Before the evaluation, the predicted quality value Q is always regressed with a logistic nonlinearity mapping function,
where Q is the regressed value, and β 1 , β 2 , β 3 , β 4 , β 5 , are the parameters used in the regression model.
The performance of these IQA methods on each individual distortion type is firstly compared, and the comparison result is listed in Table 3 (only the SRCC value is given for simplicity, and the best results are highlighted in bold). As can be seen, with very limited values for all of the RR IQA algorithms (18, 9, 1, 9, 18 and 18 scalars for AVCD, RED-LOG, FSI, OSVP, RRED and WNISM, respectively), the proposed AVCD achieves the best performance for JPEG compression distortion on three databases, and shows a good performance on white noise (best on LIVE and TID2013, but a little worse on CSIQ). Moreover, for the TID2013 which contains 24 distortion type (complex and challenge for IQA algorithms), the AVCD still shows a remarkable advantages over other RR IQA methods.
Besides, by comparing with the classical FR IQA metrics, the proposed AVCD also shows some advantages. The performances of the proposed AVCD on many distortion types (e.g., JPEG, JP2K, Blur, JTE, JPEG2000 transmission errors, etc.) have been beyond classical PSNR and SSIM, and approximating to MS-SSIM. Therefore, even with a quite small amount of the reference information (18 values) , the AVCD can outperform PSNR and SSIM in many cases, and also show a comparable performance against the MS-SSIM in some cases.
In order to give an intuitive view, the hit-counts of RR IQA methods on these distortion types of each database are counted in Table 4 . As can be seen, the proposed AVCD gets 2 (performs the best on 2 distortion types) out of 6 distortion types on CSIQ, 2 out of 5 distortion types on LIVE, and 14 out of 24 distortion types on TID2013. Meanwhile, the proposed AVCD possesses the highest hit-count number on each database, and also for the whole three databases (18 times, while the second one possesses 7 times), which further confirms that the proposed AVCD shows a remarkable advantage against other RR IQA methods on each individual distortion type.
Moreover, the overall performance on the whole database of these RR IQA methods are compared, and their corresponding PLCC, SRCC, and RMSE values are listed in Table 5 . On the CSIQ database, AVCD achieve the highest PLCC and SRCC, and the lowest RMSE, which demonstrates that AVCD not only outperforms other RR IQA algorithms, but also shows better than the classical MS-SSIM in FR IQA method. On the LIVE database, AVCD performs a slightly worse than RED-LOG, but still has an advantage over the other RR IQA methods, as well as PSNR and SSIM. As for the TID2013 database, the proposed AVCD still holds a dominant performance, and only worse than MS-SSIM. Additionally, the weighted average performances (weighted mean value of PLCC and SRCC) are computed and listed in the bottle of Table 5 . As can be seen, the proposed AVCD method outperforms (has a remarkable improvement on both PLCC and SRCC values) the other RR IQA methods. Meanwhile, by comparing the proposed AVCD method with the FR IQA methods, it can be seen that though only a small amount of reference information is used, the proposed AVCD method is comparable with the FR IQA metrics: has larger weighted PLCC and SRCC values than that of PSNR and SSIM, and even achieves a larger SRCC value than the MS-SSIM. In summary, from the comparison results on the three databases it can be seen that the proposed AVCD outperforms the existing RR IQA methods, and is comparable with the classical FR IQA methods.
In addition, the statistical significance of the proposed AVCD is evaluated to further demonstrate the effectiveness. The F-test [39] is introduced to compute the statistical significance of AVCD against these IQA methods. For the computation of F-test, the residual between the quality prediction from a certain IQA model (after nonlinear mapping) and the ground truth is calculated firstly. With the variance of the residual, a ratio F is obtained from the residual variances of two IQA models on the same database. Finally, the judging threshold F critical (which is depended on the number of residuals and the level of confidence we expect) is used for VOLUME 6, 2018 judgement: if F > F critical , the IQA model on the denominator of the ratio F is better than the one on the numerator; if F < 1 F critical , the IQA model on the denominator of the ratio F is worse than the one on the numerator; otherwise, the two models are statistically indistinguishable.
In this work, the confidence is set as 95%, and the statistical significance between the proposed AVCD and these IQA models are shown in Table 6 . Symbols like '1', '0', and '−1' in Table 6 means that the proposed AVCD is better ('1'), indistinguishable ('0'), and worse ('−1') than the corresponding method on the current database, respectively. By comparing with these RR IQA methods (i.e., RED-LOG, FSI, OSVP, RRVIF, RRED, and WNISM), we can see that almost all of the values are ''1'' except for the one against RED-LOG under the LIVE database. Therefore, the proposed AVCD method performs significantly better than the other RR IQA methods on all of the three databases (except for the RED-LOG on the LIVE database). Moreover, by comparing with the three FR IQA metrics (i.e., PSNR, SSIM, and MS-SSIM), the proposed AVCD performs significantly better than PSNR on all of the three databases, performs significantly better than SSIM on CSIQ and TID2013, and performs comparably with MS-SSIM. The comparison results from F-test is consistent with that from these three correlation criteria (within Table. 5). With the above analysis we can conclude that the proposed AVCD method performs better than these existing RR IQA metrics, and has a comparable performance with the classical FR IQA metrics.
C. THE FUNCTION OF ATTENTION ON RR-IQA MODELS
The attention mechanism is extended to these existing IQA models to further verify its effectiveness. Since the visual attention reveals the inner processing of the HVS, it will always benefit the IQA models (make these IQA models perform more consistently with subjective perception). The OLGS part of the proposed model is independent of visual structure extraction, which can be directly added into these existing RR IQA methods. Therefore, the OLGS features are extracted, and then combined with the original features extracted by these RR IQA methods (i.e., RED-LOG, FSI, OSVP, RRED, and WNSIM) for quality prediction.
The performances comparison of these methods (original) against their extension (after) on the TID2013 database is listed in Table 7 . As can be seen, both the PLCC and SRCC values are increased on all of these methods, especially for FSI (the SRCC value is increased from 0.398 to 0.587) and WNISM (the SRCC value is increased from 0.523 to 0.664) which achieve a remarkable improvement. Therefore, the performances of these existing models are improved by combining with OLGS. So far, we can conclude that the proposed AVCD method can not only perform consistently with the subjective perception and outperform these existing RR IQA methods, but also can benefit these existing methods by adding the attention based features (i.e., OLGS).
V. CONCLUSION
In this work, a novel RR IQA method with visual attention has been proposed. As an important visual mechanism, attention reveals the content/region selection during perception. And thus, the effect of distortion on attention is thoroughly analyzed. The HVS is extremely sensitive to changes on the attended regions, and distortions on such regions will cause more severely quality degradation than that on the unattended regions. Meanwhile, the distortion degrades the structure of the object, which may cause attention shift (change the attended regions between the reference image and distorted image).
The attention has been estimated with saliency for quality prediction. The visual content of each region has been firstly weighted by its saliency, and a SWLS based histogram has been created for the local structure degradation measurement. Then, the attention distribution has been counted, and an OLGS based histogram has been built for global attention shift measurement. Finally, considering the degradation from SWLS and OLGS, a novel ACVD RR IQA method has been proposed. Experimental results have demonstrated that the proposed ACVD method performs highly consistent to the subjective perception, and it can be extended to improve these existing RR IQA models.
